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This supplementary document provides additional de-
tails to support the main paper. Section A elaborates on the
network architecture and training configuration. Section B
describes auxiliary training losses for enhancing global con-
sistency and motion smoothness. Section C provides a de-
tailed introduction to Matrix—Fisher rotation modeling on
SO(3), including its parameterization and the associated
learning objective. Section D summarizes the datasets, eval-
uation protocols, and baseline implementations. Section E
presents extended ablation studies and visualizations, in-
cluding error distribution analysis and results on real-world
VR sequences. Finally, Section F discusses limitations and
potential future work.

A. Implementation Details

Input Representation. Each frame at time ¢ receives the
VR observation x; € R*® and a SMPL-style pose history
p: € R'¥® (22 joints, each with a 3 x 3 rotation matrix
flattened to 9D). The VR input encodes head and hand po-
sitions, linear velocities, and rotations.

Both x; and p; are embedded into a shared latent space
of dimension 256 via two linear layers. The embeddings
are summed and enriched with sinusoidal positional encod-
ings. The resulting sequence is passed through a 3-layer
Transformer encoder with 4 attention heads, feed-forward
size 1024, GELU activation, and causal masking (so that
each frame only attends to past frames). The final output
hidden states {z; } are used as global context for subsequent
modules.

Region-wise Representation and Semantic Anchors.
We partition the 22 SMPL joints into five regions: torso,
left/right arms, and left/right legs. A fixed joint-to-region
map guides the assignment. Joint rotations are reshaped to
[B, T, 22,9] and projected into 64D joint features via a lin-
ear layer.
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Parallel to this, region-specific semantic anchors are con-
structed directly from the VR input. For torso and arms, we
concatenate head position/velocity with head/hand rotations
(arm rotations are relative to the head). For legs (which lack
direct sensor data), we use weak priors such as head forward
direction, head height, and speed. These raw features (15D
for torso/arms, 5D for legs) are mapped into a 32D anchor
space via small linear layers. Each region also has a learn-
able 16D embedding.

For each region r, we gather joint features as keys/values
and form a query by concatenating z;, the region anchor,
and the region embedding. A single-head attention pool-
ing module produces a pooled 128D feature per region and
frame. This feature is passed through a 2-layer MLP to ob-
tain a 256D region token Tt(r). Stacking these tokens results
in T, € R5x256,

Region-wise Matrix—Fisher Prediction. With the global
context z; and region tokens Tt(r), region-specific MLP
heads are used to regress Matrix—Fisher parameters for all

joints within each region. The concatenation of z; and Tt(r)
is passed through two 2-layer MLPs that output (i) an un-
constrained 3 x 3 matrix per joint (flattened to 9D) and (ii) a
3D concentration logit per joint. These outputs are reshaped
to give per-joint matrices Fd(i)t € R3*3 and raw concentra-
tions u((ifr)t € R3. This provides a region-aware yet per-joint
independent Matrix—Fisher prediction.

Hierarchical Limb Refinement. To enforce kinematic
dependencies, we refine predictions along the four limb
chains (left/right arms and legs). Starting from the region-

wise parameters (FP(QM, ul()fgd,t) of the parent joint p, we
construct a refinement feature for its child ¢ by concatenat-
ing: (i) the global context z;, (ii) the region token for c¢’s

region, (iii) the flattened parent matrix FP)and (iv) the

pred,t?
parent concentration “;()fe)d 4
This feature is passed through child-specific MLPs to

predict (F'9) . u{9) ). The final predictions are a mixture

prop,t> Yprop, ¢t



of direct and proposed predictions, using a fixed mixing co-
efficient A = 0.6:

FOpred,t = (1 — \)Fy), + AFSo) . (1)

u(c)Pred,t =(1- )\)udlrt + /\upmp t )

This refinement is applied once per frame over all limbs,
with torso joints retaining their region-wise predictions.

Final Parameterization and Core Loss. After limb re-
finement, we reshape all F back to 3x3 and expo-

nentiate ul()ﬁgdt to obtain nonnegative axis-wise concentra-

tions. These form the final Matrix—Fisher parameters used
for training.

pred t

B. Additional Training Losses

Besides the Matrix—Fisher negative log-likelihood L p
and the geodesic mode-alignment loss L, ,q4. described in
the main paper, we employ several auxiliary objectives that
improve global consistency and temporal smoothness. All
losses are applied to global SMPL joints after forward kine-
matics and are combined with tuned scalar weights.

Hand alignment loss. Following common practice, we
derive global translation from the HMD by aligning the pre-
dicted head position to the measured HMD position to ob-
tain a global full-body pose p; at frame ¢. This alignment
can introduce a mismatch between the predicted global
hand locations and the controller measurements. Instead of
using an additional IK module, we enforce consistency via
a simple hand alignment loss:
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where pL/R™h

are the predicted global hand joint positions
after head alignment, and pY/®" are the corresponding
ground-truth (controller) positions. This term forces the
avatar’s hands to remain tightly aligned with the input VR
signals while keeping the whole framework end-to-end dif-

ferentiable.

Motion smoothness and velocity matching. To encour-
age temporally coherent motion, we adopt a velocity-
matching loss between frames at multiple temporal strides.
For a stride [ € {1, 3,5}, we define

T Z (P41 = Pt) = (Pras — Bo)|;, @
t=1

where p; and p; denote the predicted and ground-truth
global joint positions, respectively. Using multiple strides

l = 1,3,5 reduces both short-term jitter and longer-term
drift, and avoids accumulating velocity errors when only
[=1is used.

Foot-contact loss.
to suppress sliding when the feet are on the ground. Let p;
be the subset of joints corresponding to the feet (ankles and
toes), and m; € {0, 1}* be a binary contact mask indicating
which foot joints are in contact at frame ¢. The foot-contact
loss is

We further impose a foot-contact loss
feet

=
_ feet feel
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which penalizes non-zero foot velocities during contact
frames and effectively reduces foot-sliding artifacts.

Overall objective. The full training objective is a
weighted sum of the Matrix—Fisher NLL, geodesic mode
loss, hand alignment loss, multi-stride velocity losses, and
foot-contact loss:

Liotar = M Lmr + A2 Limode + A3 Lhand
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The hyper-parameters {\;},_; 5 are set to
{1.0,2.0,1.0,5.0,2.0}. All coefficients \. are selected on
a validation split and kept fixed across all experiments and
ablations.

Optimization. All models are implemented in PyTorch
and trained with AdamW. Unless otherwise stated, we use
a batch size of 128 sequences, an initial learning rate of
3 x 10~* with cosine decay and a 5-epoch linear warm-up,
weight decay 10, and gradient-norm clipping at 1.0. The
Transformer encoder uses dropout rate 0.1 on attention and
feed-forward layers. During training, input clips of length
T = 40 frames are sampled with random starting indices
from each sequence. For inference, full sequences are pro-
cessed in a streaming fashion: we feed the sequence once
from ¢ = 1 to 7', with the pose history at time ¢ taken from
the model’s prediction at time ¢ — 1.

Hardware and runtime. All experiments are conducted
on a single workstation equipped with an NVIDIA
RTX 4090 GPU and 24 GB of memory. FisherPoser and
all baselines are implemented in PyTorch and trained with
identical batch sizes, sequence lengths, and data augmen-
tation strategies within each protocol. At inference time,
FisherPoser runs in real time for 30 fps input sequences on
the RTX 4090, and its computational cost is comparable to
other transformer-based baselines.



C. Matrix-Fisher Distribution on SO(3)

This section provides background on the Matrix—Fisher dis-
tribution used in our model.

Definition and Parameterization. The Matrix—Fisher
distribution defines a probability distribution over the spe-
cial orthogonal group SO(3), with the density function:

p(R| F) = c(F) exp (tr(F ' R)), (7)

where R € SO(3) is the rotation matrix and F is the param-
eter matrix. The normalizing constant ¢(F') ensures that the
integral over SO(3) is 1. Using SVD, F' can be decomposed
as F' = Udiag(s) V', where U,V € SO(3) and s are the
singular values. This decomposition allows us to express
the distribution’s mode and axis-wise concentration, which
are key to modeling the uncertainty of rotations.

Mode and Concentration. The mode of the Ma-
trix—Fisher distribution is given by R* = UV T. The sin-
gular values s1, so, 53 determine the concentration of the
distribution, with larger values indicating higher confidence
in the rotation along that axis. Smaller values correspond
to greater uncertainty, particularly for the less constrained
axes.

Negative Log-Likelihood and Approximation. The Ma-
trix—Fisher negative log-likelihood is given by:

LvpniL(Ry, F) = —tr(F T Ry) + loge(F),  (8)

where R, is the ground-truth rotation. The normalizing
constant ¢(F’) is approximated using an eigenvalue-based
series expansion, which is differentiable and efficiently im-
plemented across all joints and time steps in our network.

Relation to Gaussian Models. The Matrix—Fisher dis-
tribution can be approximated by a Gaussian around its
mode in the Lie algebra So(3), where the covariance is in-
versely proportional to the concentration parameters. This
makes the Matrix—Fisher distribution a suitable model for
uncertainty-aware rotation estimation, as it provides a con-
tinuous representation of rotations on SO(3) with geomet-
rically meaningful concentration parameters.

D. Datasets, Metrics, and Baselines

Datasets and protocols. All experiments are conducted
on AMASS [11], a large-scale collection of motion-capture
sequences retargeted to the SMPL body model. We fol-
low two widely adopted protocols from recent HMD-based
avatar works [2, 3, 5, 8, 20].

Protocol 1 (P1). We follow the setting used in [5, 7, 8,
20] and focus on three AMASS subsets: CMU [18], BML-
rub [15], and HDMOS [13]. Each subset is randomly split
into 90% training and 10% testing sequences. We then syn-
thesize head and hand tracker signals from the SMPL body
as in prior work and train/evaluate all methods on this split.

Protocol 2 (P2). Following the larger-scale benchmark
in [3, 5], we aggregate multiple AMASS components for
training, including ACCAD [1], CMU [18], MoVi [6],
MPI [9], EYES [10], KIT [12], HDMOS5 [13], TCD [16],
TotalCapture [17], and SFU [19]. The Transitions [11]
and HumanEva [14] subsets are held out for evaluation
only. Compared to P1, this protocol exposes the model to a
broader distribution of motions and subjects.

For both protocols, sequences are resampled to 60 fps.
During training we sample overlapping clips of length
T'=40 frames with random starting indices; at test time we
run on full sequences in a streaming fashion. Head and
controller 6-DoF signals are derived from SMPL joints and
used as the only inputs for all methods, ensuring strictly
comparable sparse VR observations.

Evaluation metrics. We report four main metrics that
jointly measure spatial accuracy and temporal quality.

MPJRE (Mean Per-Joint Rotation Error, °) clculates the
average differences between predicted joint rotations and
the ground-truth rotations, which reports the pose accuracy
of motion estimation.

MPJPE (Mean Per-Joint Position Error, mm) is the Eu-
clidean distance between predicted and ground-truth 3D
joint positions in the global frame, averaged over all joints
and time steps:

1 4 '
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MPJVE (Mean Per-Joint Velocity Error) measures the
discrepancy between predicted and ground-truth joint ve-
locities, and reflects temporal smoothness at the first-order
level. We compute finite differences v/} = pgi)l —p
and report the mean /5 error between predicted and ground-
truth velocities across joints and frames.

Jitter is a higher-order smoothness metric adapted
from [2, 3]. We approximate joint accelerations and jerks
using second- and third-order finite differences of 3D joint
positions, and define jitter as the mean ¢ norm of the jerk
across all joints and frames. This metric is particularly sen-
sitive to high-frequency artifacts (e.g., frame-to-frame flips
or micro-oscillations) and correlates well with perceptual
motion stability.

For all metrics, lower values are better.

Competing methods. We compare FisherPoser with a
range of state-of-the-art full-body pose estimators from



sparse VR signals, re-implementing or adapting public code
where necessary so that all methods operate on the same
HMD + controllers input:

AvatarPoser [8] is a deterministic transformer-based re-
gressor that maps sparse VR tracking signals to SMPL pose.
It uses a temporal transformer encoder over head and hand
trajectories and directly regresses a single full-body pose
per frame.

AGRoL [4] (Avatars Grow Legs) is a diffusion-based
generative model that synthesizes long-horizon full-body
motion from sparse tracking. It models a denoising process
in pose space to produce temporally smooth sequences and
can sample multiple plausible motions for the same input.

AvatarJLM [20] introduces a joint-level modeling
framework that decouples global pose and local joint de-
tails. It employs a two-stage architecture where an initial
pose is regressed from sparse signals and then refined using
joint-wise transformers, leading to realistic and temporally
coherent avatars.

SAGE [5] (Stratified Avatar Generation from Sparse Ob-
servations) proposes a stratified generative architecture that
separately handles upper- and lower-body factors. It lever-
ages diffusion-based generation with learned stratification
to improve lower-body plausibility under sparse head—hand
observations.

HMDPoser [3] is a strong VR baseline that focuses on
accurate and efficient full-body motion estimation from a
minimal HMD + controller setup. It combines a temporal
network with carefully designed priors and contact-aware
objectives to improve lower-limb reconstruction and motion
stability.

RPM [2] (we follow the authors’ rolling-prediction im-
plementation) is a rotation-parameterized model designed
for long-horizon full-body motion from temporally and spa-
tially sparse inputs. It emphasizes stable rotation modeling
and temporal consistency, yielding very low jitter and veloc-
ity errors, sometimes at the cost of reduced pose accuracy.

All baselines are trained under our P1 and P2 protocols
using their recommended hyperparameter settings when-
ever possible. For methods that support additional track-
ers (e.g., pelvis or feet), we disable those inputs and retrain
them with only three 6-DoF VR trackers (HMD and two
controllers) to match our setting.

E. Additional Analysis and Qualitative Results
E.1. Extended Ablation Discussion

Component-wise ablation. Tab. 2 in the main paper re-
ports ablations over four variants: the deterministic autore-
gressive backbone (Ours-AR), the same backbone with a
Matrix—Fisher head (Ours-Fisher), the addition of region-
wise conditioning (Ours-Fisher-Part), and the full model
with limb-level hierarchical refinement (Ours). Moving

MPJPE Box Plot
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Figure 1. MPJPE error distribution (cm) for the deterministic base-
line (Ours-AR), Gaussian-uncertainty variant, and our full Fisher-
Poser. Black: mean; blue dashed: median.

from Ours-AR to Ours-Fisher already reduces rotation and
position errors and yields smoother motion, highlighting the
benefit of calibrated, geometry-aware uncertainty. Introduc-
ing region tokens (Ours-Fisher-Part) produces the largest
gain in both accuracy and jitter by aligning model capac-
ity with heterogeneous observability across torso, arms, and
legs. Finally, the hierarchical variant (Ours) further im-
proves all metrics, indicating that probabilistic modeling,
regional conditioning, and parent-to-child propagation are
complementary rather than redundant.

Uncertainty parameterization. Tab. 3 in the main pa-
per compares different uncertainty heads while keeping
the causal Transformer fixed: a deterministic regressor
(Ours-AR), a heteroscedastic Gaussian head in axis—angle
space (Ours-AR-Gaussian), and our Matrix—Fisher head on
SO(3) with region tokens and limb refinement (Ours). As
shown in the table, introducing uncertainty helps: the Gaus-
sian NLL head yields lower rotation and position errors than
the deterministic baseline. However, it noticeably harms
temporal stability, with higher MPJVE and jitter, indicat-
ing a mismatch between Euclidean parameterization and
rotation geometry. Our Matrix—Fisher variant overcomes
this trade-off: it achieves higher accuracy while restoring
smooth motion by modeling rotations on SO(3) and sepa-
rating the mode from axis-wise concentration. Moreover,
the comparison with Ours-Fisher in Tab. 2, which only
adds a Matrix—Fisher output head, further confirms that
manifold-aware uncertainty yields better-calibrated predic-
tions.

Moreover, Fig. 1 shows MPJPE error distributions for
three variants: Ours-AR, Ours-uncertainty-Gaussian, and
our full FisherPoser. In each box, the black line denotes
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Figure 2. Qualitative comparison on two held-out test sequences from the CMU dataset. We show ground truth, our FisherPoser, and four
strong baselines. Our method yields more accurate lower-limb articulation and foot contacts, with fewer leg-collapse and foot-floating

artifacts.
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Figure 3. Additional qualitative comparison on two other CMU sequences, covering walking, turning, reaching, and high-dynamic motions.
FisherPoser produces smoother temporal evolution and more realistic contact behavior than competing approaches.

the mean error and the blue dashed line marks the me-
dian. The purely deterministic baseline (Ours-AR) exhibits
both the largest mean/median error and a very wide in-
terquartile range with many high-error outliers, indicating
frequent failure cases. Introducing a Gaussian uncertainty
head (Ours-uncertainty-Gaussian) shifts both the mean and
median downward and visibly compresses the spread of er-
rors, suggesting that even a simple uncertainty model helps
reduce large mistakes. Our full model achieves the low-
est mean and median MPJPE, with the tightest box and the
fewest extreme outliers, demonstrating not only improved
overall accuracy but also a more concentrated error distri-
bution and fewer catastrophic frames.

E.2. Additional Qualitative Comparisons

More Visualization. Fig. 2 and Fig. 3 provide further
qualitative comparisons on test sequences from the CMU

dataset. For each sequence we visualize the ground truth,
our FisherPoser, and four strong baselines (HMDPoser,
Avatar]LM, SAGE, and RPM) over multiple frames. The
examples cover a wide range of motions, including deep
squats, walking and turning, reaching, and high-dynamic
running and jumping. Consistent with the main paper, our
method produces more accurate lower-limb articulation and
foot contacts, avoids the foot-floating and leg-collapse arti-
facts frequently observed in competing methods, and main-
tains smoother temporal evolution of the pose. These visu-
alizations further corroborate that FisherPoser yields both
more realistic body configurations and more stable motion
over time.

Real-world VR data. We further deploy our model on
sequences captured with consumer VR hardware. For each
sequence, we record only the three 6-DoF trajectories from



Figure 4. Qualitative results on sequences captured with consumer
VR devices. From only three 6-DoF trackers, FisherPoser recon-
structs plausible, temporally coherent full-body motion in real-
world settings.

the HMD and two hand controllers and feed them directly
to our network to reconstruct full-body motion. Fig. 4
shows representative frames of the recovered avatars un-
der various in-the-wild motions. The results indicate that
our method produces plausible and temporally coherent
full-body poses from real VR signals without any dataset-
specific fine-tuning; additional examples are provided in the
supplementary video.

F. Discussion and Limitations

FisherPoser demonstrates that geometry-aware uncertainty
modeling and region-wise hierarchical decoding can sub-
stantially improve sparse VR-based full-body motion cap-
ture. Nonetheless, several limitations remain, which also
suggest avenues for future work:

* Runtime and deployment constraints. The current ar-
chitecture is lightweight enough for real-time inference
on a modern GPU, but direct deployment on standalone
VR headsets with limited compute and power budgets re-
mains non-trivial. Model compression, distillation, and
architecture co-design for on-device execution are impor-
tant next steps if FisherPoser is to be used in consumer-
facing applications.

¢ Sensing configuration and environment interaction.
Our framework assumes the minimal three-tracker setting
(HMD and two controllers) and does not explicitly model
the static environment or dynamic human—object interac-
tions. In many practical scenarios, however, contact with
the floor, walls, furniture, or handheld objects provides
strong constraints on otherwise unobserved joints. Inte-
grating richer anchors—such as terrain and contact cues,
scene meshes, or object poses—into the region-wise con-

ditioning and hierarchical decoding is an important exten-
sion, especially for complex interactive behaviors.
Uncertainty usage and multi-hypothesis prediction. In
this work, Matrix—Fisher distributions are primarily used
to obtain calibrated point estimates and confidence mea-
sures. A natural next step is to exploit these distributions
more fully, for example by sampling multiple pose hy-
potheses or combining them with diffusion-style refine-
ment, particularly in highly ambiguous configurations or
during human—object interactions. This would align our
probabilistic formulation more closely with downstream
tasks such as interaction prediction, planning, or safety-
aware control.
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